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Integrative genomic analysis
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interplay of autophagy,
osteogenesis, adipogenesis,
and immune infiltration
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Guangzhou, China, *Shenzhen Bao'an Chinese Medicine Hospital, Guangzhou University of Chinese
Medicine, Shenzhen, China, *Osteoporosis Department, Baoan Central Hospital of Shenzhen,
Shenzhen, China

Background: Osteoporosis (OP), marked by reduced bone density and structural
decay, poses a heightened risk of fractures. Our study formulates a predictive
diagnostic model for OP by analyzing differential gene expression, thereby
improving early diagnosis and therapeutic approaches.

Methods: Using GSE62402, GSE56815, and GSE35958 datasets from the Gene
Expression Omnibus (GEO) database, we identified differentially expressed genes
(DEGs) via R packages, and evaluated the underlying molecular mechanisms
by network analysis. Immune checkpoint and drug sensitivity were analyzed
to construct and validate diagnostic models. The single-sample gene-set
enrichment analysis (ssGSEA) was used to assess immune cell infiltration; the
CIBERSORT algorithm was used to evaluate immune cells within the different
subtypes of OP.

Results: The study identified 1,297 DEGs, with 14 DEGs related to autophagy,
osteogenesis, and adipogenesis (APGOG&AGRDEGs) showing significant
expression differences between OP and control groups, including seven
upregulated and seven downregulated genes (p-value < 0.05). The analysis
results from gene ontology (GO), gene set enrichment analysis (GSEA), and
the Kyoto encyclopedia of genes and genomes (KEGG) indicated that oxidative
stress and inflammation-related signaling pathways are closely connected to
OP. Immune checkpoint analysis identified differential expression of eight genes
between OP patients and controls (p-value < 0.05). The ssGSEA findings showed
significant variations in immune cell infiltration levels, particularly of natural
killer cells, Th2 cells, mast cells, and plasmacytoid dendritic cells (p-value <
0.05). The diagnostic model, developed utilizing logistic regression, support
vector machine (SVM), and the least absolute shrinkage and selection operator
(LASSO), pinpointed nine pivotal genes—AKT1, NFKB1, TNF, CTNNB1, LMNA,
BHLHE40, BMP4, WNT1, and COPS3—and confirmed their diagnostic efficacy
through validation. In further subgroup analysis, eight types of immune cells
were found to be differentially expressed across various risk groups. Subtype
analysis based on ConsensusClusterPlus revealed differential expression of six
key genes in distinct subtypes of OP.
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Conclusion: This comprehensive study established a network of OP-associated
genes, and provides insights into the molecular mechanisms involving immune
responses in OP. It identified key diagnostic genes and analyzed immune cell
infiltration to better understand OP pathogenesis. The study underscores
the importance of personalized treatment and the potential role of immune
modulation in managing OP.
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Introduction

Osteoporosis (OP) is a systemic skeletal disorder characterized by
reduced bone density and the deterioration of bone microstructure,
resulting in increased bone vulnerability and an elevated propensity for
fractures (1). Dual-energy X-ray absorptiometry (DXA) remains the
gold standard for diagnosis; however, DXA primarily detects changes in
bone mineral density (BMD), exhibits limited predictive power for early-
stage OP, and cannot provide molecular-level information. Annually,
there are approximately 8.9 million osteoporotic fractures worldwide (2).
Mortality rates for osteoporotic hip fractures vary widely over 5 years
post-fracture, ranging from 38 to 64% depending on age, and ranging
from 29 to 50% for vertebral fractures (3). A variety of therapeutic
interventions have been developed for treating OP, including
bisphosphonates, estrogen therapy to selective estrogen receptor
modulators (SERMs), calcitonin, denosumab, and teriparatide (4).
Though current treatments can improve bone loss, long - term use may
cause adverse reactions. Thus, there’s an urgent need for novel molecular
markers and diagnostic models to boost the accuracy of early diagnosis
and supply a basis for personalized treatment.

As an insidious chronic disease, OP is influenced by numerous
genetic and extrinsic factors, including autophagy activation (5), chronic
inflammation (6), oxidative stress (7), autoimmunity (8), and bone
metabolism imbalance. Enhancing autophagy within bone marrow
mesenchymal stem cells (BMSCs) could promote bone formation. In
older individuals, the osteogenic potential of BMSCs diminishes, while
their propensity for adipogenic differentiation increases (9).
Additionally, older individuals’' BMSCs exhibit significantly reduced
autophagy levels compared to younger individuals, with the potential
for autophagy activation to mitigate age-induced cellular decline (10).
Based on previous findings, immune checkpoint molecules play a role
in skeletal system inflammation resulting in OP. Chronic low-grade
inflammation state could be influenced by estrogen deficiency (11). In
ovariectomized mice (OVX), the proliferation of TNF-producing T cells
increases the bone marrow (12). RANKL, a member of the TNF
superfamily, facilitates the genesis and functionality of osteoclast (OC)
through its binding to the RANK receptor present on OC progenitor
cells (13). Moreover, the immune checkpoint molecule programmed cell
death protein 1 (PD-1) could enhance osteoclastic activity and promote
osteoclastogenesis, while programmed cell death 1 ligand 2 (PD-L2)
could reduce the number of OC (14). Overall, current studies on OP
molecular mechanisms predominantly focus on isolated pathways.
However, integrative analyses bridging autophagy, osteogenesis,
adipogenesis, and immune infiltration remain scarce. Our study
pioneers a multi-omics approach to construct a molecular network
encompassing these four dimensions, offering novel insights into OP
diagnosis and immunomodulatory therapies.
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In the past few years, using previous data, a vast number of genetic
alterations have been screened at the genome level using microarray
technology and bioinformatic analysis (15). Using microarray
profiling, signaling pathways, biological processes, and promising
targets have been identified for anti-OP. Recently, several microarray
and bioinformatics studies have significantly advanced our
understanding of the molecular events underlying OP pathogenesis
(16, 17). Based on three datasets, 52 OP vs. 57 non-OP patients, a
bioinformatics study identified 10 OP hub genes and six diagnostic
genes; the results were verified in OP patients (18). However, the small
RNA-related regulatory network remains underexplored. Ferroptosis,
closely related to inflammation and immunity, has also been implicated
in OP (19). In another study, with five OP vs. four non-OP patients
data, bioinformatics identified five genes that are highly correlated
with ferroptosis and OP; the result was validated in OVX mice (16).
However, immune checkpoint analysis was included, and the small
sample sizes and missing genotypic data may have led to false positives
and reduced reliability of the results. There are few bioinformatics
research data on the relationship between autophagy and OP.

Consequently, our study aims to integrate data from three mRNA
microarray datasets retrieved from the Gene Expression Omnibus
(GEO) database, focusing on identifying genes with substantial
differential expression between blood samples from OP patients and
healthy individuals. This step is fundamental for pinpointing the genetic
signatures of OP. To further dissect the intricate molecular landscape,
network analysis is essential for revealing the complex interactions and
potential mechanisms driving OP progression, particularly the interplay
between autophagy, osteogenic, and adipogenic differentiation. Building
on these insights, we proceed with immune checkpoint and drug
sensitivity analysis to identify therapeutic targets. Concurrently,
we constructed and validated a diagnostic model to enhance early
detection. By constructing small RNA regulatory networks and
performing immune infiltration analysis, we aimed to classify OP
subtypes, facilitating progress toward personalized medicine. Our
research has established a comprehensive network of OP that
encompasses autophagy, osteogenesis, and adipogenesis. This framework
is a significant step forward in understanding the molecular mechanisms
of OP and advancing its diagnosis at the systems biology level.

Materials and methods
Data download

The datasets pertinent to OP, namely GSE62402, GSE56815 (20),
and GSE 35958 (21), were extracted from the GEO database utilizing

the R package GEOquery (22). For more information, refer to
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Supplementary Table S1. In the datasets, GSE62402 has five samples
with OP and five samples without; GSE56815 has 40 OP samples and
40 without; and GSE35958 has another five OP samples and four
without. GSE35958 was selected as an independent validation set due
to its complementary sample source (BMSCs) and phenotypic
consistency (OP vs. non-OP) with the combined datasets (peripheral
blood). Despite its small sample size (5 OP vs. 4 controls), its platform
compatibility (GPL570) and probe standardization ensured validation
reliability. All OP and control samples were included in this study.

Autophagy-related genes (APRGs), osteogenic-related genes
(OGRGs), and adipogenic-related genes (AGRGs) were retrieved
from the GeneCards database (23). Upon querying ‘Autophagy,
we identified genes as ‘Protein Coding’ with a ‘Relevance Score’
threshold of 0.5 or higher, resulting in the identification of a total of
5,152 APRGs. Additionally, by employing ‘Autophagy’ as a search term
on the PubMed database (24), a collection of 223 published APRGs
was procured. Upon consolidation and deduplication, a total of 5,177
APRGs were pinpointed, with detailed information presented in
Supplementary Table S2. Subsequently, keyword searches for
‘Osteogenic’ and Adipogenic’ identified 971 OGRGs and 292 AGRGs,
respectively, with their specific characteristics outlined in
Supplementary Tables S3, S4.

The datasets GSE62402 and GSE56815 were processed to remove
batch effects using the R package sva (25), resulting in the formation
of Combined Datasets (CDs). This dataset comprises 45 OP samples
and an equal number of control samples. Subsequently, the R package
limma (26) was employed for the normalization of the CDs, ensuring
the standardization of annotation probes. The dataset GSE35958
served as a validation set following the probe annotation process.

OP-related differentially expressed genes

Within the CDs, differential gene expression was analyzed for the
OP and control groups with the limma R package (26). DEGs were
filtered by |logFC| > 0 and p-value < 0.05. Upregulation was denoted by
logFC > 0 and p-value < 0.05, and downregulation by logFC < 0 and the
same p-value threshold. The volcano plot, created with ggplot2, and the
heatmap from pheatmap, visualized the DEGs and gene expression
profiles, respectively. To obtain the AP&KOG&AGRDEGs, an intersection
was taken between all the DEGs identified from the CDs and the
autophagy, osteogenic, adipogenic-related genes (AP&OG&AGRGS).
This intersection was then visualized using a Venn diagram. The resulting
genes were further characterized by their chromosomal locations, which
were depicted by the R package RCircos (27). This visualization provided
a genomic mapping of the AP&KOG&AGRDEGs associated with OP.

Gene ontology and Kyoto encyclopedia of
genes and genomes enrichment analysis

GO analysis, a prevalent tool for extensive functional enrichment
assesses biological process (BP), cellular component (CC), and
molecular function (MF) (28). The KEGG database is extensively
utilized for its repository of genomic, pathway, disease, and drug data
(29). Employing clusterProfiler (30) in R, we executed GO and KEGG
enrichment analyses on the AP&OG&AGRDEGs, with statistical
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significance determined by an adjusted p-value < 0.05 and an
FDR-value (g-value) < 0.25, using the Benjamini-Hochberg (BH)
approach for p-value correction.

Gene set enrichment analysis

GSEA (31) assesses the collective influence of pre-defined gene
sets on a phenotype by examining the distribution patterns of genes
within a ranked list that correlates with the phenotype. In our research,
the initial step involved segmenting the CDs into distinct OP and
control cohorts. Subsequently, we deployed the R package
clusterProfiler to execute GSEA for the entire gene complement of the
CDs, leveraging the logFC values. The GSEA parameters were
configured with a seed value of 2020, a minimum gene set size
threshold at 10, and a maximum gene set size capped at 500. This
GSEA utilized gene sets derived from the Molecular Signatures
database (MSigDB) (32), specifically the c2.cp.all.v2022.1.Hs.symbols.
gmt [all canonical pathways] (3050) gene sets. The selection criteria
were p-value < 0.05 and g-value < 0.25.

Immune checkpoint and drug sensitivity
analysis

Immune checkpoint genes (ICGs) are ligand-receptor pairs that
could either inhibit or stimulate immune responses. They are vital in
modulating the immune system to preserve balance and prevent
autoimmune diseases. We identified 47 ICGs from published literature
on the PubMed website (33), with specific gene names listed in
Supplementary Table S5. We compared ICG expressions between the
OP and control groups in the CDs, producing group comparison charts.

The Genomics of Drug Sensitivity in Cancer (GDSC) (34)
database is a comprehensive public repository for data on cancer cell
drug sensitivity and drug response molecular markers. Employing the
pRRophetic algorithm (35), we predicted the sensitivity of OP patients
to various anticancer drugs and small molecules using the expression
profiles from the CDs to estimate IC50 values and visualized these
findings in comparative charts.

Immune infiltration analysis of OP

Utilizing single-sample gene-set enrichment analysis (ssGSEA)
(36), we quantified the infiltration abundance of distinct immune cell
populations, including specific subtypes like activated CD8 + T cells
and dendritic cells. The ssGSEA scores were indicative of the relative
presence of these cells within the samples. We applied a stringent
p-value filter of less than 0.05 to refine the dataset into an immune
infiltration matrix. The comparative analysis revealed disparities in
immune cell abundance between the OP group and control group
across the CDs, as evidenced by the group charts. Finally, heatmaps
were crafted using the R package pheatmap to visually represent the
intricate relationships among immune cells and their associations with
pivotal genes. Finally, scatter plots were constructed to represent the
correlations with immune cells that exhibited the highest positive and
negative associations with key genes.
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Establishment of OP diagnostic model

For the construction of an OP diagnostic model using the CDs,
logistic regression was applied to the AP&KOG&AGRDEGs. Logistic
regression is the method of choice for examining the relationship
between independent variables and a binary dependent variable,
like the presence or absence of OP, with statistical significance set
at a p-value < 0.05. The molecular expressions of the
AP&OG&AGRDEGs that were integrated into the logistic
regression model were subsequently depicted in a forest plot.
Subsequently, leveraging the AP&OG&AGRDEGs identified in the
logistic regression model, a support vector machine (SVM) model
was formulated employing the SVM algorithm (37). The
AP&OG&AGRDEGs were selected for their optimal balance
between accuracy and error rate. Subsequently, a least absolute
shrinkage and selection operator (LASSO) regression analysis was
conducted on the AP&OG&AGRDEGs from the SVM model,
utilizing the R package glmnet (38) with a seed parameter set to
500. LASSO regression, an extension of linear regression,
incorporates a penalty term (lambda times the absolute value of the
slope coefficient) to mitigate overfitting, thereby enhancing the
model’s predictive accuracy and generalizability. The outcome of the
LASSO regression analysis is an OP diagnostic model with the
AP&OG&AGRDEGs as pivotal genes. The findings were graphically
represented through diagnostic and variable trajectory plots.

Validation of OP diagnostic model

A nomogram (39) is a visual tool that represents the correlation
between multiple variables with a series of parallel lines on a Cartesian
coordinate plane. Utilizing the outcomes from the LASSO logistic
regression analysis, the rms R package was employed to create a
nomogram that maps the interactions among the key genes. A
calibration curve was generated through calibration analysis to assess
the precision and discriminatory power of the OP diagnostic model
predicated on these key genes. Employing the ggDCA R package, a
decision curve analysis (DCA) (40) was conducted to plot the DCA
graph based on the key genes identified. DCA offers a clear method
for assessing the clinical value of predictive models, diagnostic tests,
and molecular biomarkers. Following this, the pROC R package was
utilized to generate the receiver operating characteristic (ROC) curve
for the risk score and to compute the area under the curve (AUC),
which serves to evaluate the diagnostic performance of the risk score’s
gene expression levels for predicting OP. The computation of the risk
score adheres to the following formula:

riskScore = ZCoefficient (genei ) *mRNA Expression (genei)

1

Furthermore, the OP samples were stratified into high- and
low-risk groups using the median RiskScore value. To delve deeper
into the expression variances of the key genes within the high- and
low-risk OP samples, comparative charts were crafted reflecting the
expression profiles of these genes. Ultimately, the pROC R package
was employed to trace the ROC curves and to compute the AUC,
thereby assessing the diagnostic accuracy of the key gene expression
levels in predicting the development of OP.
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Profiling immune infiltration in high- and
low-risk groups

With ssGSEA, we quantified the variations in immune cell
infiltration among high- versus low-risk OP samples, filtering significant
samples at a p-value < 0.05 for comparative visualization. The pheatmap
tool in R was subsequently applied to illustrate the correlational patterns
between immune cells and their relationships with key genes across the
risk-stratified OP groups. Ultimately, immune cells that had the highest
positive and negative correlations with key genes were identified, and
scatter plots were constructed to depict these correlations.

Key gene expression validation and
correlation assessment

To delve deeper into the expression variances of key genes across the
CDs and the validation set GSE35958, comparative expression charts
were crafted for the OP and control groups in both datasets. Subsequently,
the Spearman method was utilized to assess correlations among key gene
expressions within the CDs and the GSE35958 dataset. The correlation
heatmap, created with the R package pheatmap, visualized these findings.

Construction of regulatory network

MicroRNAs (miRNAs) are instrumental in the modulation of
biological systems and genetic adaptation, targeting a diverse set of
genes. The phenomenon of a single gene being regulated by multiple
miRNAs is also prevalent. To decipher the intricate links between
miRNAs and key genes, we conducted an analysis using the TarBase
(41) database to identify miRNAs that are associated with key genes.
Additionally, transcription factors (TFs) regulate gene expression by
binding to key genes post-transcriptionally. Thereafter, the influence
of these transcription factors on key genes was examined by utilizing
data obtained from the ChIPBase database (42). Key gene-associated
drug targets, both direct and indirect, were predicted through the
Comparative Toxicogenomics Database (CTD) (43) to assess the
connectivity between key genes and pharmaceuticals. The subsequent
visualization of the regulatory networks, including mRNA-miRNA,
mRNA-TE and mRNA-Drug relationships, was accomplished with
Cytoscape software.

OP subtypes construction

The algorithm of consensus clustering (44), which uses
resampling to classify members into subgroups and to check the
clusters’ coherence, was implemented via the R package
ConsensusClusterPlus (45) to classify OP into its specific subtypes
through the analysis of key genes. During this process, the cluster
count was configured to vary between two and nine, executing 50
iterations with 80% of the sample size drawn each time, using
“kmeans” for the clustering algorithm and “pearson” as the distance
metric in the analysis. Subsequently, heatmaps were generated to
delineate the key gene expression variances among OP’s subtypes.
Furthermore, comparative group charts were implemented to affirm
the gene expression disparities. In conclusion, the pheatmap R
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package was leveraged to exhibit the key genes’ correlation profiles
within OP samples.

Immune infiltration analysis of subtypes of OP.

The ssGSEA quantifies global immune cell abundance via single-
sample gene set enrichment, while CIBERSORT (46) deconvolutes
specific immune subsets using linear support vector regression. This
dual approach comprehensively characterizes OP immune
microenvironment heterogeneity and thus aid in assessing immune
cell distribution and proportions in mixed cellular environments. In
our research, the CIBERSORT algorithm was implemented, utilizing
the LM22 gene signature matrix, and we filtered the data to include
only those instances where the immune cell enrichment scores
exceeded zero, culminating in the derivation of a detailed immune cell
infiltration matrix. Subsequently, the pheatmap R package was used
to demonstrate the correlation analysis between the LM22 immune
cell signatures and the key genes, specifically within the contexts of
Cluster] and Cluster2.

Statistical analysis

Utilizing R software (Version 4.2.2), this article’s data processing
and analysis presented continuous variables as mean * standard
deviation. For comparing any two groups, the Wilcoxon rank sum test
was implemented. Spearman correlation analysis was the method for
determining the correlation coefficients among various molecules,
with a p-value threshold of less than 0.05 to denote statistical
significance.

Results
Technology roadmap

The overarching structure of our research design is elegantly
captured in Figure 1, which delineates the sequence of methodologies
and analyses employed throughout the study.

Pooling of OP datasets

In our study, batch effects in the OP datasets GSE56815 and
GSE62402 were mitigated using the ‘sva’ R package. After the batch
effect correction, we consolidated the datasets into CDs. Subsequently,
to visually assess the datasets before and after the batch effect removal,
we employed distribution box plots and principal component analysis
(PCA), as depicted in Figures 2A-D. The findings indicate that the
batch effects within the CDs were largely neutralized.

DEGs related to autophagy, osteogenesis,
and adipogenesis

To analyze the gene expression differences between OP and the
control group, the limma’ R package was used to conduct differential
analysis on the CDs. In the ensuing analysis, all 1,297 DEGs were
identified across the CDs that met the criteria of an absolute log fold
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change (|logFC|) > 0.00 and p-value < 0.05. Among these DEGs, 689
genes were upregulated, characterized by a logFC > 0.00 and a p-value
<0.05, and 608 genes were downregulated (logFC < 0.00 and p-value
< 0.05). The results of the differential analysis were presented using a
volcano plot (Figure 3A).

To identify AP&OG&AGRDEGsS, we intersected the set of all
DEGs above with the set of genes related to autophagy, osteogenesis,
and adipogenesis (AP&OG&AGRGs). A total of 14
AP&OG&AGRDEGs were obtained and visualized using a Venn
diagram (Figure 3B), including: AKT1, NFKB1, FOXOI, TNF,
CTNNBI, LMNA, INSR, BHLHE40, RUNX2, IGFBP3, BMP4,
SMARCA4, WNTI, and COPS3. Subsequently, the expression
differences of these 14 AP&OG&AGRDEGs were analyzed and
displayed by a heatmap (Figure 3C). Finally, the positions of the 14
AP&OG&AGRDEGS on the human chromosomes were mapped
using the R package RCircos, and a chromosomal location map was
created (Figure 3D). The results indicate that the majority of
the AP&OG&AGRDEGs are located on chromosomes 3, 6,
14, and 19.

GO and KEGG enrichment analysis

To analyze the biological mechanisms involved with these 14
AP&OG&AGRDEGS, we conducted GO and KEGG enrichment
analysis, with detailed results presented in Supplementary Table S6.
The analyses revealed that the AP&OG&AGRDEGs were
significantly enriched in BP, including the regulation of smooth
muscle cell proliferation, the regulation of cell death induced by
oxidative stress, and the proliferation of smooth muscle cells. In
terms of CC, they were enriched in the endoplasmic reticulum
lumen, membrane raft, and membrane microdomain. For MF, they
were involved in binding insulin-like growth factor I, insulin-like
growth factor, and bHLH transcription factor. Additionally, they
were enriched in biological pathways including insulin resistance,
fluid shear stress and atherosclerosis, alcoholic liver disease, human
papillomavirus infection, and longevity regulating pathways. The
outcomes of the GO and KEGG enrichment analyses were depicted
through a bubble chart (Figure 4A), with the top 5 BP/CC/MF terms
and pathways shown in Supplementary Table S6. Simultaneously, a
network diagram was generated to illustrate the BP, CC, MF, and
KEGG pathways as determined by the enrichment analysis
(Figures 4B-E).

GSEA for CDs

To ascertain the influence of gene expression levels across the CDs
on OP, GSEA was utilized to examine the interplay between gene
expression and the associated biological processes, impacted cellular
components, and engaged molecular functions (Figure 5A). Further
details of the results are available in Supplementary Table S7. The
findings indicated that the genes within the CDs were substantially
enriched across a spectrum of biological functions and signaling
pathways, including the IL6 (Figure 5B), MAPK-Trk (Figure 5C), IL4
(Figure 5D), IL3 (Figure 5E), IL18 (Figure 5F), and the overarching
MAPK signaling pathways (Figure 5G).
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FIGURE 1
Flow chart for the comprehensive analysis of APGOGEAGRDEGs. OP, osteoporosis; DEGs, differentially expressed genes; APRGs, autophagy-related
genes; OGRGs, osteogenic-related genes; AGRGs, adipogenic-related genes; GSEA, gene set enrichment analysis; GO, gene ontology; KEGG, Kyoto
Encyclopedia of Genes and Genomes; APGOGE&AGRDEGs, autophagy&osteogenic&adipogenic-related differentially expressed genes; SVM, support
vector machine; LASSO, least absolute shrinkage and selection operator; ExpDiff, expression difference; TF, transcription factor.

Immune checkpoint and drug sensitivity
analysis

We extracted ICGs from the published literature. Upon intersecting
these with the genes present in the CDs, we identified a matrix
comprising 26 ICGs along with their respective expression levels, as
delineated in Supplementary Table S8. Following that, we utilized the
Mann-Whitney U test to determine the statistical variance in the
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expression levels of ICGs between OP and control groups, as depicted
in Figure 6A. The analysis identified eight ICGs—CD48, IDOI,
TNFRSF8, CD244, CD40LG, CD86, LAIRI, and TNFRSFI14—with
significant differences in expression (p-value < 0.05) between the groups.

Subsequently, to explore therapeutic strategies for OP patients
following mRNA vaccination, we employed the GDSC database’s drug
sensitivity information to predict the susceptibility of the OP and
control group in the CDs to various drugs. Subsequently, we applied
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Batch effects removal of GSE56815 and GSE62402. (A,B). Boxplot of the distribution of the CDs before (A) and after (B) de-batching. (C,D). PCA plots
of the CDs before (C) and after (D) de-batching. PCA, Principal Component Analysis; OP, osteoporosis; CDs, combined datasets. Purple is OP dataset

the Mann-Whitney U test (also known as the Wilcoxon rank sum
test) to evaluate disparities in drug sensitivity, with the results
visualized using grouped comparison plots. The results indicated that
eight drugs, including Z.LLNle.CHO, Pazopanib, AZD6482, AP.24534,
CHIR.99021, AKT.inhibitor.VIII, W02009093972, and XMD8.85,
showed significant differences in sensitivity between OP and the
control group (p-value < 0.05). Moreover, it was observed that the
sensitivity to these eight drugs was generally lower in the OP group
compared to the control group (Figures 6B-I). Based on the
aforementioned findings, it is inferred that OP patients might require
higher doses of medication to achieve therapeutic effects, underscoring
the significance of personalized treatment strategies in drug dosage
selection to ensure efficacy and minimize unnecessary side effects.

Immune infiltration analysis of OP

Using ssGSEA, we quantified the levels of immune cell infiltration
for 28 distinct immune cell types in the CDs, comparing the OP group
with the control group patients. The findings revealed that the levels
of infiltration for natural killer cells, type 2 T helper cells, mast cells,
and plasmacytoid dendritic cells were significantly different between
the two groups, with a p-value < 0.05 (Figure 7A). We performed an
analysis to examine the correlation among the four types of immune
cells. The results showed that type 2 T helper and natural killer cells
had the strongest negative correlation (r-value = —0.387) (Figure 7B).
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Finally, we selected key genes that were significantly correlated with
immune cells (p-value < 0.05). We displayed the overall correlation
results through a correlation dot plot (Figure 7C) and the top 1
positively correlated and top 1 negatively correlated key genes were
emphasized (Figures 7D,E). The findings indicated that the LMNA
showed the strongest positive correlation with natural killer cells
(r-value = 0.328), whereas the gene AKT1 had the strongest negative
correlation with type 2 T helper cells (r-value = —0.533).

Establishment of a diagnostic model of OP

To determine the diagnostic potential of the 14
AP&OG&AGRDEGs for OP, we initially developed a logistic
regression model, which was then depicted through a forest plot
(Figure 8A). The analysis showed that 13 of these
AP&OG&AGRDEGs were significantly associated with the OP in
all having p-values < 0.05.
Subsequently, an SVM model was constructed utilizing the 13
AP&OG&AGRDEGs, which resulted in the minimal error rate as
depicted in Figure 8B, and the maximal accuracy as shown in

the logistic regression model,

Figure 8C, based on the count of genes. It was shown that when the
gene count was nine (AP&OG&AGRDEGs being NFKBI, BHLHE40,
CTNNBI, AKTI, LMNA, WNTI1, BMP4, TNF, and COPS3), the
SVM model attained the highest level of accuracy. Subsequently, the
nine genes were used to construct a LASSO regression model, which
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serves as a diagnostic model for OP. The visualization process
involved the depiction of the LASSO regression model (Figure 8D)
along with the LASSO coeflicient path diagram (Figure 8E). The nine
AP&OG&AGRDEGsS selected by the LASSO regression model are
considered pivotal for diagnosis.

Validation of OP diagnostic model

To provide additional validation for the OP diagnostic model’s
utility, a nomogram was utilized to illustrate the relationships among
the key genes across the CDs (Figure 9A). The analysis demonstrated
that the expression of NFKBI had a significantly greater predictive value
for the OP diagnostic model when compared to other genes. Conversely,
BMP4’s expression level was found to have a substantially lower
predictive value relative to the other genes. Next, the diagnostic model’s
calibration curve indicated that while the purple calibration line slightly
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deviated from the perfect model curve (the diagonal), it was still
roughly aligned (Figure 9B). Additionally, the DCA outcomes revealed
that the model’s simulated curve was consistently above the all-positive
and all-negative threshold lines within a specific range, signifying a
higher net benefit and thus the models enhanced effectiveness
(Figure 9C). Moreover, the ROC curve (Figure 9D) indicated that the
RiskScore, based on the expression levels of key genes, provides a
significant measure of diagnostic accuracy for OP, with an AUC
indicating a moderate to high level of accuracy (0.7 < AUC < 0.9). The
formula for calculating the RiskScore is as follows:

riskScore = NFKB1+*(0.560)+ BHLHE 40 *(~0.029) +
CTNNB1#(-0.616)+ AKT1%(-0.421)+
LMNA #(~0.450)+ WNT1%(1.422)+
BMP4+*(0.756)+TNF *(~0.070) +
COPS3%(1.100)
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Using the median RiskScore as a cut-off, the OP samples were
divided into high- and low-risk groups. In our analysis of OP samples,
we employed box plot comparisons to delineate the expression levels
of nine key genes, distinguishing between the high- and low-risk
groups. The findings, depicted in Figure 9E, indicated that there were
statistically significant differences in expression levels for five key
genes when comparing the groups, with a p-value < 0.05, including
CTNNBI, AKT1, WNT1, COPS3, and BMP4. Finally, the ROC curves
(Figures 9F-1) confirmed that the expressions of the five key genes in
OP samples achieved a considerable degree of accuracy in classifying
the groups, as evidenced by an AUC that signifies a notable level of
diagnostic effectiveness (0.7 < AUC < 0.9).
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Analysis of immune infiltration in high- and
low-risk groups

By applying ssGSEA, we evaluated the abundance of immune
infiltration across 28 specific immune cell types in OP patients, divided
into high- and low-risk categories. The findings indicated that there were
statistically significant differences in the abundance of six immune cell
types between the groups, with a p-value < 0.05. These cell types were
identified as plasmacytoid dendritic cells, activated dendritic cells,
activated CD8 + T cells, central memory CD8 + T cells, gamma delta T
cells, and CD56dim natural killer cells (Figure 10A), In addition, the
correlation analysis of the infiltration levels among the six immune cell
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there was a statistically significant difference in the expression levels of
nine key genes between the OP and control group within the CDs, with
a p-value < 0.05 (Figure 11A). Simultaneously, the expression levels of
five key genes were statistically significant in the validation dataset
GSE35958 (p-value < 0.05) (Figure 11B), including BHLHE40, CTNNBI,
AKT1, LMNA, and TNF. Subsequently, the correlation between the
expression levels of key genes was determined for the combined data sets
and GSE35958, applying the Spearman correlation technique for the
analysis. The results showed that AKTI and BHLHE40, TNF and
BHLHE40, LMNA and AKTI1, TNF and AKTI, TNF and LMNA all
exhibited positive correlation in both the combined and the validation
datasets GSE35958 (Figures 11C,D).

types in OP samples highlighted a significant positive correlation,
particularly between plasmacytoid dendritic cells and activated dendritic
cells, with an r-value = 0.574 (Figure 10B). Finally, we screened for key
genes that showed significant correlation with immune cells (p-value <
0.05) and presented the overall correlation results (Figure 10C) and the
top 1 positively correlated and top 1 negatively correlated key genes
through correlation dot plots (Figures 10D,E). The results indicated that
AKT1 exhibited the strongest positive correlation with central memory
CD8T cell (r-value = 0.686), while COPS3 exhibited the most pronounced
negative association with central memory CD8 T cell (r-value = —0.519).

Verification and correlation analysis of key

gene expression differences
Construction of regulatory networks

To further authenticate the differential expression of key genes
among groups within the CDs and the validation dataset GSE35958,
we presented comparative expression graphs. The findings indicated that

First, we obtained 40 miRNAs related to the nine key genes
through the TarBase database, with specific information provided in
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Supplementary Table S9. Next, we retrieved 42 TFs associated with the
nine key genes from the ChIPBase database, with detailed information
available in Supplementary Table S10. Additionally, employing the
CTD database, we ascertained 37 candidate drugs or molecular
compounds linked to five key genes, with specific information listed
in Supplementary Table S11. To culminate the analysis, we used
Cytoscape software (V3.7.0) to generate and illustrate the interaction
networks among mRNA, miRNA, TFs, and drugs (Figures 12A-C).

of the nine key genes within OP samples to identify distinct OP-related
disease subtypes through a consensus clustering approach. Ultimately,
two subtypes were determined: Subtype A (Cluster 1) and Subtype B
(Cluster 2) (Figures 13A-C). Among them, Subtype A includes 13
samples, and Subtype B includes 32 samples. The 3D PCA plot
highlighted significant differences between the two disease subtypes
(Figure 13D). Next, leveraging the R package pheatmap, we produced a
heatmap to visually represent a differential expression of key genes
among the two OP subtype categories (Figure 13E). Continuing our
investigation, we engaged in an assessment to identify the differences in
the expression level of key gene between the two OP subtypes. The results
indicated that six out of the nine key genes exhibited statistically
significant differences in expression between the two subtypes (p-value
<0.05). These genes included: NFKBI, AKT1, LMNA, TNE BHLHE40,

Construction of subtypes of OP

In probing the OP disease subtypes present in the CDs, we utilized
the R package ConsensusClusterPlus. It harnessed the expression profiles
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and COPS3 (Figure 13F). Finally, the study on the correlation of key
genes within osteoporotic samples indicated that NFKBI correlates
positively with BHLHE40, AKT1 with NFKBI, TNF with NFKB1, TNF
with BHLHE40, LMNA with AKT1, and BMP4 with WNT1. Negative
correlations were identified between BMP4 and BHLHE40, LMNA and
CTNNBI, and COPS3 with AKT1 (Figure 13G).

Analysis of immune infiltration in subtypes
of OP

Employing the CIBERSORT algorithm, we assessed the
relationships between 22 categories of immune cells and the two OP
subtypes: Subtype A (Cluster 1) and Subtype B (Cluster 2). Following
the analysis of immune cell infiltration, we generated a bar chart
illustrating the relative frequencies of these immune cells within the
samples of the CDs (Figure 14A). Further along in our study,
we explored the correlation of immune cell infiltration abundance
between samples classified as OP Subtype A and as Subtype B
(Figures 14B,C). This analysis identified strong positive correlations
in Subtype A, specifically between T cells gamma delta and T cells
CD4 naive (r-value = 0.884), between neutrophils and plasma cells
(r-value = 0.786), and between eosinophils and B cells memory (r-
value = 0.609). Monocytes and eosinophils (r-value = —0.85), B cells
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naive and B cells memory (r-value = —0.603), and monocytes and
mast cells resting (r-value = —0.564) showed negative correlations.
Within Subtype B, significant positive associations were found
between plasma cells and activated NK cells (r-value = 0.836),
activated NK cells and memory B cells (r-value = 0.648), and plasma
cells and memory B cells (r-value = 0.540). Conversely, negative
correlations were noted between resting CD4 Memory T cells and
CD8 T cells (r-value = —0.527), and CD8 T cells and macrophages M0
(r-value = —0.510). In the final phase of our study, we investigated the
correlation between the expression of key genes and the abundance of
immune cell infiltration in OP Subtype A and Subtype B
(Figures 14D,E). For Subtype A, the strongest positive association was
found between the gene COPS3 and memory B cells (r-value = 0.647).
The most significant inverse relationship was between WNTI and
neutrophils (-value = —0.770). In Subtype B, the gene TNF had the
most substantial positive correlation with T regulatory cells (Tregs)
(r-value = 0.456); the gene NFKBI had the most pronounced negative
correlation with resting dendritic cells (r-value = —0.450).

Discussion

OP continues to be a major health issue that affects patients
physically and emotionally and carries high care costs (47). Because
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Diagnostic model of OP. (A) Forest plot of 13 APGOG&AGRDEGs included in the logistic regression model in OP diagnostic model. (B,C) The number of
genes with the lowest error rate (B) and the highest accuracy (C) obtained by the SVM algorithm are visualized. (D,E) Diagnostic model plot (D) and
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the symptoms are not noticeable at the beginning, OP is often only
diagnosed after an osteoporotic fracture occurs; however, by this stage,
the therapeutic effectiveness may have significantly declined. Even
with advances in anti-OP treatments, including targeted molecular
therapies, discontinuation of denosumab results in rapid BMD loss,
and an increased risk of hypercalcemia and multiple vertebral
fractures according to recent data (48, 49). The use of romosozumab
is only approved in some countries, and following the cardiovascular
concerns seen in romosozumab clinical trials, the safety reports for
the drug, especially cardiovascular events, were of concern (50).
Therefore, in this study, we established a gene network associated with
OP to deepen our understanding of its immune response and provide
new insights for diagnosis and treatment. We also highlighted the
potential of personalized therapy and immunomodulation in the
treatment of OP.
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It is well known that inflammatory response is closely related to
the occurrence and development of OP. The GSEA results show that
DEGs are predominantly enriched in inflammation-related pathways,
such as the IL-6 signaling pathway, and similar. There is substantial
in vitro and in vivo experimental evidence that confirms this result
(51). In addition, the immune status correlates closely with the
inflammatory response (52). Subsequent ICGs analysis revealed
statistically significant differential expression of eight genes in OP
patients. IDOI, an ICG, is activated in a state of chronic inflammation;
studies suggest that it triggers inhibitory signal transduction by
binding to PI3K p110 and SHP-1, promoting immunosenescence,
impairing autophagy, and contributing to the development of OP (53).
CD40LG, or CD40L, belongs to the tumor necrosis factor receptor
superfamily member 5 and induces B cells to secrete immunoglobulins
(54). An in vivo experiment showed that the silencing of CD40L
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attenuated the ability of OVX (ovariectomy) to stimulate OC-mediated
bone resorption and induce bone loss. In other words, CD40L
promotes bone resorption by stimulating the formation of OC (55);
this result is predicated on the premise of T-cell depletion.

The expression of key genes might have some associations with
immune cells. This research showed that the LMNA has the strongest
positive correlation with natural killer (NK) cell (Figure 7D), it
suggested that nuclear envelope structural proteins may influence
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NK cell function through epigenetic regulation. As a major
component of the nuclear lamina, upregulated LMNA expression
could alter the chromatin spatial conformation of NK cells. NK cells
are notable for their expression of macrophage colony-stimulating
factor (M-CSF) and receptor activator of nuclear factor-kappa B
ligand (RANKL), with RANKL being instrumental in the activation
and differentiation of OC, highlighting a role for NK cells in
osteolytic processes (56), suggesting that NK cells contribute to the
process of bone erosion. Furthermore, the significant negative
correlation between NK cells and Th2 cells (7B) indicated a
competitive regulatory interplay among immune subsets in the OP
microenvironment. The activation process of Th2 cells involves the
release of various cytokines, including IL-4. IL-4 has been confirmed
by in vitro and in vivo experiments to promote bone regeneration
and prevent bone loss (57). Th2 cells may antagonize the
pro-osteoclastic effects of NK cells via anti-inflammatory cytokines
like IL-4. The absence of AKT1 enhances osteoblast differentiation
and negatively regulates osteoblast differentiation. However, AKT1
promotes the differentiation of OC (58). In our study, AKT1I has the
strongest negative correlation with Th2 cells (Figure 7C), which
implies indirect regulation of the osteoblast-osteoclast balance via
AKT1 signaling. AKT1 inhibitors, such as MK-2206 (in clinical
trials for cancer), have been shown to play a significant role in
suppressing osteoclast differentiation (59). Therefore, AKTI
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inhibitors might be potential drugs for treating OP. This finding is
important as it guides future in-depth research.

We conducted GO and KEGG enrichment analyses on a total of
14 AP&OG&AGRDEGS. The outcomes from the BP component of
the GO analysis revealed that the “regulation of cell death induced by
oxidative stress” is implicated in the onset and progression of OP. By
suppressing oxidative stress, FOXOI inhibits osteoblast apoptosis (60).
However, the function of FOXOI is still controversial. It is widely
recognized that Runt-related transcription factor 2 (Runx2) is a crucial
transcription factor for osteoblast differentiation and the process of
bone formation; a deficiency in Runx2 could result in a complete
failure of bone formation. Through the inhibition of Runx2 in
osteoblasts, FOXO1 regulates the expression of osteocalcin in a
manner that is contingent upon the insulin-like growth factor 1
(IGF1I) and insulin signaling pathways (61). In other words, FOXOI is
a negative regulator of the osteoblast-specific transcription
factor Runx2.

Subsequently, we constructed diagnostic models for OP. As a
result, nine key diagnostic genes were identified, including AKT1,
NFKBI1, TNE CTNNBI, LMNA, BHLHE40, BMP4, WNT1, and
COPS3. Through nomogram analysis, it was found that the
expression level of NFKBI has the highest utility for the OP
diagnostic model. Bortezomib, a proteasome inhibitor of the
NFKBI - regulated inflammatory pathway, is widely used to treat
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multiple myeloma. It has been reported to directly stimulate
osteoblast growth and differentiation while inhibiting osteoclast
development and activity, thereby exerting osteogenic effects in
clinical settings (62). The RiskScore analysis revealed a markedly
significant statistical difference in the infiltration levels of
plasmacytoid dendritic cells between the high- and low-risk groups
within the OP samples (Figure 10A). Dendritic cells (DCs) are
integral to the inflammatory processes that lead to osteoclastogenesis
and are linked to the development of inflammatory bone diseases.
In the absence of estrogen, DCs have a longer lifespan and express
higher levels of IL-7 and IL-15, together inducing memory T cells to
produce IL-17A and TNF-a. The resulting cytokines drive
inflammation-mediated bone loss (63). It appears, consistent with
our results, that memory T cells are also involved in the process of
OP. In the final validation model, BHLHE40, CTNNBI1, AKT1I,
LMNA, and TNF were found to be differentially expressed in the
validation dataset. In other words, their likelihood of serving as
diagnostic markers is higher. Literature suggests that elevated
BHLHE40 expression is tightly connected with osteoclast
maturation. In vitro experiments confirm that BHLHE40 stimulates
osteoclast development, and in contrast, its absence in vivo is linked
to greater bone density and lessened osteoclast formation (64).
Although some results have been confirmed, our blood - based
mRNA diagnostic model, though adaptable for clinical screening via
RT - qPCR or NanoString, needs further validation across diverse
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ethnicities and age groups and integration with BMD and FRAX
scores to optimize risk stratification before it can be generalized.

The TFs could promote or inhibit the transcription process of
mRNA by recognizing and binding to specific DNA sequences.
Further, miRNAs exert regulatory control over gene expression by
binding to the 3" untranslated region (3’ UTR) of their target mRNAs,
resulting in mRNA degradation or the inhibition of their translation
into proteins. Thus, TFs and miRNA play a major role in regulating
gene expression. Within the scope of this study, we identified 40
miRNAs that correspond to the nine key genes. The miR-483-3p is one
of the miRNAs we have predicted. Previous studies have indicated a
correlation between miR-483-3p and OP associated with estrogen
deficiency (65). Zhou et al. found that elevated levels of miR-483-3p
significantly boosted the expression of mRNA transcripts related to
osteogenic markers, specifically alkaline phosphatase (ALP), Runx2,
and osteocalcin (OCN). Additionally, the upregulation of miR-483-3p
significantly elevated the expression levels of Wntl and fj-catenin. As
a result, the study suggested that miR-483-3p could potentially
augment osteoblast proliferation and osteogenesis by activating the
Wnt/f-catenin signaling pathway (66). These findings are in alignment
with our predictive outcomes, implying the credibility of our
predictive results.

As demonstrated by the drug sensitivity results in our study, it is
also important to emphasize personalized treatment strategies for OP
patients to ensure therapeutic effectiveness and minimize unnecessary
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side effects. We have conducted a further subtype analysis of the =~ BHLHE40-deficient conditions stems from an inherent cellular
disease among OP patients. Ultimately, we have delineated two  deficiency affecting osteoclast differentiation in the mice. BHLHE40
distinct disease subtypes, characterized by significant differential  is shown to upregulate the transcription of FOS and NFATCI genes
expression of six pivotal genes across these subtypes: NFKBI1, AKT1,  through direct interaction with their promoter regions. The latter
LMNA, TNF, BHLHE40, and COPS3. The BHLHEA40, also known as ~ promoted osteoclastogenesis in ovariectomized mice (64).
human differentiated embryonic chondrocyte expressed gene 1  Additionally, drug sensitivity analysis (Figure 6G) revealed reduced
(DECI), is believed to be related to enhanced osteogenesis. After the ~ AKT inhibitor sensitivity in OP patients, underscoring the need for
knockout of DECI, DECI-deficient mice exhibited at four and  personalized dosing regimens. Therefore, personalized treatment is
24 weeks of age a phenotype of reduced bone mass compared to  necessary. In further subtypes of immune infiltration analysis, TNF
age-matched wild-type (WT) mice. Moreover, the bone mass decay ~ and regulatory T cells (Tregs) are positively correlated. In vitro, Tregs
was more pronounced in the 24-week-old mice group (67). However,  directly inhibit the differentiation and function of OC (68). In
other researchers have found that BHLHE40 is associated with ~ TNF-transgenic mice, a phenomenon of bone loss occurs, which
osteoclastogenesis and abnormal bone resorption. Mice deficientin ~ could be reversed by an increase in the number of Tregs (69). In
BHLHEA40 were resistant to estrogen deficiency-induced OP. In other ~ certain types of OP patients, such as postmenopausal OP, the increase
words, the deficiency of BHLHE40 increased bone formation. Further  in the number of Tregs might serve as a protective immune response
mechanistic research elucidated that the bone mass increment in  to shield the patients from TNF-induced bone loss. This suggests an
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interaction between key genes and the immune system, possibly
affecting the activity and function of immune cells.

However, this study has several limitations. First, although
we employed the sva R package for batch effect correction, residual
batch effects may still influence gene expression patterns, potentially
compromising the reproducibility of certain findings. Second, the
relatively small sample size may impact statistical power and the
generalizability of the diagnostic model. Despite integrating multiple
datasets and conducting rigorous validation, larger cohort studies are
required to further confirm the reliability of the results. Finally, this
work primarily relies on bioinformatics analyses and lacks
experimental validation. Future studies will prioritize validating the

Frontiers in Medicine

expression of key genes using qPCR or Western blot and elucidating
their functional roles in OP-related pathways. These additional
investigations will enhance the robustness and biological relevance of
the findings.

Our diagnostic model offers a novel molecular strategy to refine
OP diagnosis by enabling early identification of high-risk populations
through peripheral blood gene expression profiling (e.g., QPCR or
RNA sequencing) as a complement to BMD testing. This approach
holds translational potential for guiding personalized interventions,
such as risk stratification systems integrating key genes (AKT1I,
NFKBI). However, clinical implementation faces three major
challenges. First, biomarkers predicted via bioinformatics require
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FIGURE 14
Consensus cluster immune infiltration analysis by CIBERSORT algorithm. (A) Histogram of immune cell infiltration abundance in OP subtypes. (B,C)
Heatmap of correlation of immune cell infiltration abundance in subtype A (B) and subtype B (C). (D,E) Dot plots of correlation of key genes with
immune in filtration abundance in subtype A (D) and subtype B (E). OP, osteoporosis. The absolute value of the correlation coefficient (r-value) is weak
or no correlation below 0.3, weak correlation between 0.3 and 0.5, moderate correlation between 0.5 and 0.8, and strong correlation above 0.8. The
component bargraph is purple for subtype A and yellow for subtype B. The correlation heatmap is red for positive and blue for negative correlation

validation in large prospective cohorts, as retrospective public datasets

may overestimate diagnostic accuracy due to batch e

population heterogeneity (e.g., age, comorbidities). Second, the
molecular complexity of OP pathogenesis—exemplified by AKTI’s
pleiotropic roles in bone homeostasis, which are modulated by
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miRNA-mediated epigenetic regulation or post-translational
modifications—cannot be fully resolved by transcriptome-level
analysis alone. Third, the model currently lacks specificity for OP
subtypes driven by distinct etiologies, such as inflammatory bone loss
in rheumatoid arthritis. Addressing these limitations will require
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integrating multi-omics data (e.g., proteomics, epigenetics) with
clinical phenotypes to develop etiology-specific diagnostic algorithms,
thereby enhancing both clinical utility and biological relevance.

Conclusion

This research established a network of genes associated with
OP and thoroughly examined the molecular mechanisms of the
immune response within the context of OP. The identification of
critical diagnostic genes and the analysis of immune cell infiltration
of OP’s
pathophysiology, potentially pointing toward new avenues for

have enhanced our profound understanding
refining diagnostic and therapeutic strategies. Furthermore, the
study accentuates the significance of tailored therapeutic
approaches and highlights the potential role of immunomodulation

in the clinical management of OP.

Data availability statement

The original contributions presented in the study are included in
the article/Supplementary material, further inquiries can be directed
to the corresponding author/s.

Ethics statement

The manuscript presents research that does not require
ethical approval.

Author contributions

L-JH: Data curation, Funding acquisition, Methodology, Writing —
original draft. J-ZZ: Data curation, Methodology, Validation,
Writing - review & editing. H-CL: Investigation, Validation, Writing -
review & editing. X-SL: Conceptualization, Funding acquisition,
Investigation, Writing — review & editing. S-ZY: Conceptualization,
Project administration, Supervision, Writing — review & editing.

References

1. Pouresmaeili F, Kamalidehghan B, Kamarehei M, Goh YM. A comprehensive
overview on osteoporosis and its risk factors. Ther Clin Risk Manag. (2018) 14:2029-49.
doi: 10.2147/TCRM.S138000

2. The Lancet Diabetes Endocrinology. Osteoporosis: overlooked in men for too long.
Lancet Diabetes Endocrinol. (2021) 9:1. doi: 10.1016/S2213-8587(20)30408-3

3. Curtis JR, Safford MM. Management of osteoporosis among the elderly with other
chronic  medical conditions. Drugs  Aging. (2012)  29:549-64. doi:
10.2165/11599620-000000000-00000

4. Huas D, Debiais F, Blotman E, Cortet B, Mercier F, Rousseaux C, et al. Compliance
and treatment satisfaction of post menopausal women treated for osteoporosis.
Compliance with osteoporosis treatment. BMC Womens Health. (2010) 10:26. doi:
10.1186/1472-6874-10-26

5. Liu D, Wang B, Qiu M, Huang Y. Mir-19b-3p accelerates bone loss after spinal cord
injury By suppressing osteogenesis via regulating Pten/Akt/Mtor Signalling. J Cell Mol
Med. (2021) 25:990-1000. doi: 10.1111/jcmm.16159

6. Zhou Y, Zhu X, Zhang M, Li Y, Liu W, Huang H, et al. Association between
dietary inflammatory index and bone density in lactating women at 6 months
postpartum: a longitudinal study. BMC Public Health. (2019) 19:1076. doi:
10.1186/512889-019-7409-6

Frontiers in Medicine

10.3389/fmed.2025.1544390

Funding

The author(s) declare that financial support was received for
the research and/or publication of this article. This work was
funded by Shenzhen Science and Technology Innovation
Committee (No. JCYJ20240813103617024 to Xiao-sheng Lin),
Shenzhen Baoan District Traditional Chinese Medicine (TCM)
Association Special Project for Clinical Research of TCM (No.
2023ZYYLCZX-2 to Xiao-sheng Lin) and Shenzhen Bao’an District
Science and Technology Innovation Bureau (No. 2024JD305 to
Lin-jing Han).

Conflict of interest

The authors declare that the research was conducted in the
absence of any commercial or financial relationships that could
be construed as a potential conflict of interest.

Generative Al statement

The author(s) declare that no Gen Al was used in the creation of
this manuscript.

Publisher’s note

All claims expressed in this article are solely those of the authors
and do not necessarily represent those of their affiliated organizations,
or those of the publisher, the editors and the reviewers. Any product
that may be evaluated in this article, or claim that may be made by its
manufacturer, is not guaranteed or endorsed by the publisher.

Supplementary material

The Supplementary material for this article can be found online
at: https://www.frontiersin.org/articles/10.3389/fmed.2025.1544390/
full#supplementary-material

7. Zhang K, Jiang D. Rhoa inhibits the hypoxia-induced apoptosis and mitochondrial
dysfunction in chondrocytes via positively regulating the Creb phosphorylation. Biosci
Rep. (2017) 37:622. doi: 10.1042/bsr20160622

8. Fischer V, Haffner-Luntzer M. Interaction between bone and immune cells:
implications for postmenopausal osteoporosis. Semin Cell Dev Biol. (2022) 123:14-21.
doi: 10.1016/j.semcdb.2021.05.014

9. You Y, Liu J, Zhang L, Li X, Sun Z, Dai Z, et al. Wtap-mediated M(6)a modification
modulates bone marrow mesenchymal stem cells differentiation potential and
osteoporosis. Cell Death Dis. (2023) 14:33. doi: 10.1038/s41419-023-05565-x

10.Ma Y, Qi M, An Y, Zhang L, Yang R, Doro D, et al. Autophagy controls
mesenchymal stem cell properties and senescence during bone aging. Aging Cell. (2018)
17:E12709. doi: 10.1111/acel.12709

11. Zhou Y, Deng Y, Liu Z, Yin M, Hou M, Zhao Z, et al. Cytokine-scavenging
nanodecoys reconstruct osteoclast/osteoblast balance toward the treatment of
postmenopausal osteoporosis. Sci Adv. (2021) 7:eabl6432. doi: 10.1126/sciadv.abl6432

12.Shao BY, Wang L, Yu Y, Chen L, Gan N, Huang WM. Effects of Cd4(+) T
lymphocytes from Ovariectomized mice on bone marrow mesenchymal stem cell

proliferation and osteogenic differentiation. Exp Ther Med. (2020) 20:212. doi:
10.3892/etm.2020.9212

frontiersin.org


https://doi.org/10.3389/fmed.2025.1544390
https://www.frontiersin.org/journals/medicine
https://www.frontiersin.org
https://www.frontiersin.org/articles/10.3389/fmed.2025.1544390/full#supplementary-material
https://www.frontiersin.org/articles/10.3389/fmed.2025.1544390/full#supplementary-material
https://doi.org/10.2147/TCRM.S138000
https://doi.org/10.1016/S2213-8587(20)30408-3
https://doi.org/10.2165/11599620-000000000-00000
https://doi.org/10.1186/1472-6874-10-26
https://doi.org/10.1111/jcmm.16159
https://doi.org/10.1186/s12889-019-7409-6
https://doi.org/10.1042/bsr20160622
https://doi.org/10.1016/j.semcdb.2021.05.014
https://doi.org/10.1038/s41419-023-05565-x
https://doi.org/10.1111/acel.12709
https://doi.org/10.1126/sciadv.abl6432
https://doi.org/10.3892/etm.2020.9212

Han et al.

13. Liu Y, Wang Z, Ma C, Wei Z, Chen K, Wang C, et al. Dracorhodin perchlorate
inhibits Osteoclastogenesis through repressing Rankl-stimulated Nfatc1 activity. J Cell
Mol Med. (2020) 24:3303-13. doi: 10.1111/jcmm.15003

14. Brom VG, Strauss AC, Sieberath A, Salber J, Burger C, Wirtz DC, et al. Agonistic
and antagonistic targeting of immune checkpoint molecules differentially
regulate osteoclastogenesis. Front Immunol. (2023) 14:988365. doi: 10.3389/fimmu.2023.
988365

15. Wu B, Yang W, Fu Z, Xie H, Guo Z, Liu D, et al. Selected using bioinformatics and
molecular docking analyses, Pha-793887 Is effective against osteosarcoma. Aging
(Albany NY). (2021) 13:16425-44. doi: 10.18632/aging.203165

16. Xia Y, Zhang H, Wang H, Wang Q, Zhu P, Gu Y, et al. Identification and validation
of Ferroptosis key genes in bone mesenchymal stromal cells of primary osteoporosis
based on bioinformatics analysis. Front Endocrinol (Lausanne). (2022) 13:980867. doi:
10.3389/fendo.2022.980867

17. Dong Q, Han Z, Tian L. Identification of serum exosome-derived Circrna-Mirna-
Tf-Mrna regulatory network in postmenopausal osteoporosis using bioinformatics
analysis and validation in peripheral blood-derived mononuclear cells. Front Endocrinol
(Lausanne). (2022) 13:899503. doi: 10.3389/fend0.2022.899503

18. Wang X, Pei Z, Hao T, Ariben ], Li S, He W, et al. Prognostic analysis and validation
of diagnostic marker genes in patients with osteoporosis. Front Immunol. (2022)
13:987937. doi: 10.3389/fimmu.2022.987937

19. Chen X, Kang R, Kroemer G, Tang D. Ferroptosis in infection, inflammation, and
immunity. J Exp Med. (2021) 218:E20210518. doi: 10.1084/jem.20210518

20. Zhou Y, Gao Y, Xu C, Shen H, Tian Q, Hw D. A novel approach for correction of
crosstalk effects in pathway analysis and its application in osteoporosis research. Sci Rep.
(2018) 8:668. doi: 10.1038/541598-018-19196-2

21. Benisch P, Schilling T, Klein-Hitpass L, Sp E, Seefried L, Raaijmakers N, et al. The
transcriptional profile of mesenchymal stem cell populations in primary osteoporosis is
distinct and shows overexpression of osteogenic inhibitors. PLoS One. (2012) 7:E45142.
doi: 10.1371/journal.pone.0045142

22. Davis S, Ps M. Geoquery: a bridge between the gene expression omnibus (geo) and
Bioconductor. Bioinformatics. (2007) 23:1846-7. doi: 10.1093/bioinformatics/btm254

23. Stelzer G, Rosen N, Plaschkes I, Zimmerman S, Twik M, Fishilevich S, et al. The
Genecards suite: from gene data mining to disease genome sequence analyses. Curr
Protoc Bioinformatics. (2016) 54:5. doi: 10.1002/cpbi.5

24.Sun S, Shen Y, Wang J, Li ], Cao J, Zhang J. Identification and validation of
autophagy-related genes in chronic obstructive pulmonary disease. Int ] Chron Obstruct
Pulmon Dis. (2021) 16:67-78. doi: 10.2147/COPD.S288428

25.Leek JT, Johnson WE, Parker HS, Jaffe AE, Storey JD. The Sva package for
removing batch effects and other unwanted variation in high-throughput experiments.
Bioinformatics. (2012) 28:882-3. doi: 10.1093/bioinformatics/bts034

26. Ritchie ME, Phipson B, Wu D, Hu Y, Law CW, Shi W, et al. Limma powers
differential expression analyses for RNA-sequencing and microarray studies. Nucleic
Acids Res. (2015) 43:E47. doi: 10.1093/nar/gkv007

27. Zhang H, Meltzer P, Davis S. Rcircos: An R package for Circos 2d track plots. Bmc
Bioinformatics. (2013) 14:244. doi: 10.1186/1471-2105-14-244

28. Mi H, Muruganujan A, Ebert D, Huang X, Thomas P. Panther version 14: more
genomes, a new panther go-slim and improvements in enrichment analysis tools. Nucleic
Acids Res. (2019) 47:D419-26. doi: 10.1093/nar/gky1038

29. Kanehisa M, Goto S. Kegg: Kyoto encyclopedia of genes and genomes. Nucleic
Acids Res. (2000) 28:27-30. doi: 10.1093/Nar/28.1.27

30. Yu G, Wang LG, Han Y, He QY. Clusterprofiler: An R package for comparing
biological themes among gene clusters. OMICS. (2012) 16:284-7. doi: 10.1089/omi.
2011.0118

31. Subramanian A, Tamayo P, Mootha VK, Mukherjee S, Ebert BL, Gillette MA, et al.
Gene set enrichment analysis: a knowledge-based approach for interpreting genome-
wide expression profiles. Proc Natl Acad Sci U S A. (2005) 102:15545-50. doi:
10.1073/pnas.0506580102

32. Liberzon A, Subramanian A, Pinchback R, Thorvaldsdéttir H, Tamayo P, Jp M.
Molecular signatures database (Msigdb) 3.0. Bioinformatics. (2011) 27:1739-40. doi:
10.1093/bioinformatics/btr260

33.Xu D, Liu X, Wang Y, Zhou K, Wu J, Chen JC, et al. Identification of immune
subtypes and prognosis of hepatocellular carcinoma based on immune checkpoint gene
expression profile. Biomed Pharmacother. (2020) 126:109903. doi: 10.1016/].biopha.
2020.109903

34.Yang W, Soares J, Greninger P, Edelman EJ, Lightfoot H, Forbes S, et al.
Genomics of drug sensitivity in Cancer (Gdsc): a resource for therapeutic biomarker
discovery in Cancer cells. Nucleic Acids Res. (2013) 41:D955-61. doi: 10.1093/nar/
gksl1111

35. Geeleher P, Cox N, Huang RS. pRRophetic: an R package for prediction of clinical
chemotherapeutic response from tumor gene expression levels. PLoS One. (2014)
9:E107468. doi: 10.1371/journal.pone.0107468

36. Xiao B, Liu L, Li A, Xiang C, Wang P, Li H, et al. Identification and verification of
immune-related gene prognostic signature based on Ssgsea for osteosarcoma. Front
Oncol. (2020) 10:607622. doi: 10.3389/fonc.2020.607622

Frontiers in Medicine

10.3389/fmed.2025.1544390

37.Sanz H, Valim C, Vegas E, Jm O, Reverter E. Svm-Rfe: selection and visualization
of the Most relevant features through non-linear kernels. BMC Bioinformatics. (2018)
19:432. doi: 10.1186/s12859-018-2451-4

38. Engebretsen S, Bohlin J. Statistical predictions with Glmnet. Clin Epigenetics.
(2019) 11:123. doi: 10.1186/s13148-019-0730-1

39. Wu J, Zhang H, Li L, Hu M, Chen L, Xu B, et al. A nomogram for predicting overall
survival in patients with low-grade endometrial stromal sarcoma: a population-based
analysis. Cancer Commun (Lond). (2020) 40:301-12. doi: 10.1002/cac2.12067

40. Van Calster B, Wynants L, Verbeek ], Verbakel JY, Christodoulou E, Vickers AJ,
et al. Reporting and interpreting decision curve analysis: a guide for investigators. Eur
Urol. (2018) 74:796-804. doi: 10.1016/j.eururo.2018.08.038

41.1s V, Paraskevopoulou M, Karagkouni D, Georgakilas G, Vergoulis T, Kanellos I,
et al. Diana-Tarbase V7.0: indexing more than half a million experimentally supported
Mirna:Mrna interactions. Nucleic Acids Res. (2015) 43:D153-9. doi: 10.1093/nar/gkul215

42.Zhou KR, Liu S, Sun WJ, Zheng LL, Zhou H, Yang JH, et al. Chipbase V2.0:
decoding transcriptional regulatory networks of non-coding Rnas and protein-coding
genes from Chip-Seq data. Nucleic Acids Res. (2017) 45:D43-50. doi: 10.1093/nar/gkw965

43. Grondin CJ, Davis AP, Wiegers JA, Wiegers TC, Sciaky D, Johnson R], et al.
Predicting molecular mechanisms, pathways, and health outcomes induced by Juul
e-cigarette aerosol chemicals using the comparative Toxicogenomics database. Curr Res
Toxicol. (2021) 2:272-81. doi: 10.1016/j.crtox.2021.08.001

44.Lock EE, Dunson DB. Bayesian consensus clustering. Bioinformatics. (2013)
29:2610-6. doi: 10.1093/bioinformatics/btt425

45. Wilkerson M, Dn H. Consensusclusterplus: a class discovery tool with confidence
assessments and item tracking. Bioinformatics. (2010) 26:1572-3. doi:
10.1093/bioinformatics/btq170

46.Newman AM, Liu CL, Green MR, Gentles AJ, Feng W, Xu Y, et al. Robust
enumeration of cell subsets from tissue expression profiles. Nat Methods. (2015)
12:453-7. doi: 10.1038/nmeth.3337

47.Khalid S, Reyes C, Ernst M, Delmestri A, Toth E, Libanati C, et al. One- and 2-year
incidence of osteoporotic fracture: a multi-cohort observational study using routinely
collected  real-world data.  Osteoporos  Int. (2022)  33:123-37. doi:
10.1007/s00198-021-06077-0

48. Geusens P, Bevers MS, van Rietbergen B, Messina OD, Lespessailles E, Oliveri B,
et al. Effect of Denosumab compared with Risedronate on bone strength in patients
initiating or continuing glucocorticoid treatment. ] Bone Miner Res. (2022) 37:1136-46.
doi: 10.1002/jbmr.4551

49. Horiuchi K, Kobayashi E, Mizuno T, Susa M, Chiba K. Hypercalcemia following
discontinuation of Denosumab therapy: a systematic review. Bone Rep. (2021)
15:101148. doi: 10.1016/j.bonr.2021.101148

50. Vestergaard Kvist A, Faruque J, Vallejo-Yagiie E, Weiler S, Winter EM, Burden AM.
Cardiovascular safety profile of Romosozumab: a pharmacovigilance analysis of the us
food and drug administration adverse event reporting system (Faers). J Clin Med. (2021)
10:1660. doi: 10.3390/Jcm10081660

51.Li Q, Tian C, Liu X, Li D, Liu H. Anti-inflammatory and antioxidant traditional
Chinese medicine in treatment and prevention of osteoporosis. Front Pharmacol. (2023)
14:1203767. doi: 10.3389/fphar.2023.1203767

52.Ito N, Tsujimoto H, Ueno H, Xie Q, Shinomiya N. Helicobacter pylori-mediated
immunity and signaling transduction in gastric Cancer. J Clin Med. (2020) 9:3699. doi:
10.3390/jcm9113699

53. Salminen A. Role of Indoleamine 2,3-dioxygenase 1 (Idol) and kynurenine
pathway in the regulation of the aging process. Ageing Res Rev. (2022) 75:101573. doi:
10.1016/j.arr.2022.101573

54. Takada Yk YJ, Shimoda M, Takada Y. Integrin binding to the trimeric Interface of
Cd401 plays a critical role in Cd40/Cd401 signaling. ] Immunol. (2019) 203:1383-91. doi:
10.4049/jimmunol.1801630

55. Li]Y, Tawfeek H, Bedi B, Yang X, Adams J, Gao KY, et al. Ovariectomy disregulates
osteoblast and osteoclast formation through the T-cell receptor CD40 ligand. Proc Natl
Acad Sci U S A. (2011) 108:768-73. doi: 10.1073/pnas.1013492108

56. De Matos C, Berg L, Michaélsson J, Fellinder-Tsai L, Karre K, Soderstrom K.
Activating and inhibitory receptors on synovial fluid natural killer cells of arthritis
patients: role of Cd94/Nkg2a in control of cytokine secretion. Immunology. (2007)
122:291-301. doi: 10.1111/§.1365-2567.2007.02638 x

57.Saxena Y, Routh S, Mukhopadhaya A. Immunoporosis: role of innate immune
cells in  osteoporosis.  Front  Immunol.  (2021) 12:687037.  doi:
10.3389/fimmu.2021.687037

58. Mukherjee A, Rotwein P. Selective signaling By Aktl controls osteoblast
differentiation and osteoblast-mediated osteoclast development. Mol Cell Biol. (2012)
32:490-500. doi: 10.1128/mcb.06361-11

59. Heo SC, Kim YN, Keum BR, Joo JY, Bae MK, Kim HJ. Vasohibin-1 promotes
osteoclast differentiation in periodontal disease By stimulating the expression of Rankl
in gingival fibroblasts. Biochim Biophys Acta Mol basis Dis. (2023) 1869:166632. doi:
10.1016/j.bbadis.2022.166632

60. Marycz K, Kornicka K, Maredziak M, Golonka P, Nicpon J. Equine metabolic
syndrome impairs adipose stem cells osteogenic differentiation By predominance of

frontiersin.org


https://doi.org/10.3389/fmed.2025.1544390
https://www.frontiersin.org/journals/medicine
https://www.frontiersin.org
https://doi.org/10.1111/jcmm.15003
https://doi.org/10.3389/fimmu.2023.988365
https://doi.org/10.3389/fimmu.2023.988365
https://doi.org/10.18632/aging.203165
https://doi.org/10.3389/fendo.2022.980867
https://doi.org/10.3389/fendo.2022.899503
https://doi.org/10.3389/fimmu.2022.987937
https://doi.org/10.1084/jem.20210518
https://doi.org/10.1038/s41598-018-19196-2
https://doi.org/10.1371/journal.pone.0045142
https://doi.org/10.1093/bioinformatics/btm254
https://doi.org/10.1002/cpbi.5
https://doi.org/10.2147/COPD.S288428
https://doi.org/10.1093/bioinformatics/bts034
https://doi.org/10.1093/nar/gkv007
https://doi.org/10.1186/1471-2105-14-244
https://doi.org/10.1093/nar/gky1038
https://doi.org/10.1093/Nar/28.1.27
https://doi.org/10.1089/omi.2011.0118
https://doi.org/10.1089/omi.2011.0118
https://doi.org/10.1073/pnas.0506580102
https://doi.org/10.1093/bioinformatics/btr260
https://doi.org/10.1016/J.biopha.2020.109903
https://doi.org/10.1016/J.biopha.2020.109903
https://doi.org/10.1093/nar/gks1111
https://doi.org/10.1093/nar/gks1111
https://doi.org/10.1371/journal.pone.0107468
https://doi.org/10.3389/fonc.2020.607622
https://doi.org/10.1186/s12859-018-2451-4
https://doi.org/10.1186/s13148-019-0730-1
https://doi.org/10.1002/cac2.12067
https://doi.org/10.1016/j.eururo.2018.08.038
https://doi.org/10.1093/nar/gku1215
https://doi.org/10.1093/nar/gkw965
https://doi.org/10.1016/j.crtox.2021.08.001
https://doi.org/10.1093/bioinformatics/btt425
https://doi.org/10.1093/bioinformatics/btq170
https://doi.org/10.1038/nmeth.3337
https://doi.org/10.1007/s00198-021-06077-0
https://doi.org/10.1002/jbmr.4551
https://doi.org/10.1016/j.bonr.2021.101148
https://doi.org/10.3390/Jcm10081660
https://doi.org/10.3389/fphar.2023.1203767
https://doi.org/10.3390/jcm9113699
https://doi.org/10.1016/j.arr.2022.101573
https://doi.org/10.4049/jimmunol.1801630
https://doi.org/10.1073/pnas.1013492108
https://doi.org/10.1111/j.1365-2567.2007.02638.x
https://doi.org/10.3389/fimmu.2021.687037
https://doi.org/10.1128/mcb.06361-11
https://doi.org/10.1016/j.bbadis.2022.166632

Han et al.

autophagy over selective Mitophagy. J Cell Mol Med. (2016) 20:2384-404. doi:
10.1111/jemm.12932

61.Yang S, Xu H, Yu S, Cao H, Fan J, Ge C, et al. Foxol mediates insulin-like
growth factor 1 (Igf1)/insulin regulation of osteocalcin expression By antagonizing
Runx2 in osteoblasts. J Biol Chem. (2011) 286:19149-58. doi: 10.1074/jbc.
M110.197905

62. Mohty M, Malard F, Mohty B, Savani B, Moreau P, Terpos E. The effects of
Bortezomib on bone disease in patients with multiple myeloma. Cancer. (2014)
120:618-23. doi: 10.1002/cncr.28481

63. Cline-Smith A, Axelbaum A, Shashkova E, Chakraborty M, Sanford J, Panesar P, et al.
Ovariectomy activates chronic low-grade inflammation mediated By memory T cells, which
promotes osteoporosis in mice. ] Bone Miner Res. (2020) 35:1174-87. doi: 10.1002/jbmr.3966

64. Zhang Y, Yang M, Zhang S, Yang Z, Zhu Y, Wang Y, et al. Bhlhe40 promotes
Osteoclastogenesis and abnormal bone resorption via C-Fos/Nfatcl. Cell Biosci. (2022)
12:70. doi: 10.1186/s13578-022-00813-7

Frontiers in Medicine

22

10.3389/fmed.2025.1544390

65. Yin P, Xue Y. Circrna Hsa_Circ_0006859 inhibits the osteogenic differentiation of
Bmscs and aggravates osteoporosis By targeting Mir-642b-5p/Mir-483-3p and upregulating
Efna2/Dock3. Int Immunopharmacol. (2023) 116:109844. doi: 10.1016/j.intimp.2023.109844

66. Zhou B, Peng K, Wang G, Chen W, Liu P, Chen F, et al. Mir-483-3p promotes the
osteogenesis of human osteoblasts By targeting Dikkopf 2 (Dkk2) and the Wnt signaling
pathway. Int ] Mol Med. (2020) 46:1571-81. doi: 10.3892/ijmm.2020.4694

67.He S, Guan Y, Wu Y, Zhu L, Yan B, Honda H, et al. Decl deficiency results in
accelerated osteopenia through enhanced Dkk1 activity and attenuated Pi3kca/Akt/
Gsk3p signaling. Metabolism. (2021) 118:154730. doi: 10.1016/j.metabol.2021.154730

68. Kim YG, Lee CK, Nah SS, Mun SH, Yoo B, Moon HB. Human Cd4+Cd25+ regulatory
T cells inhibit the differentiation of osteoclasts from peripheral blood mononuclear cells.
Biochem Biophys Res Commun. (2007) 357:1046-52. doi: 10.1016/j.bbrc.2007.04.042

69. Zaiss MM, Frey B, Hess A, Zwerina J, Luther ], Nimmerjahn F, et al. Regulatory T
cells protect from local and systemic bone destruction in arthritis. J Immunol. (2010)
184:7238-46. doi: 10.4049/jimmunol.0903841

frontiersin.org


https://doi.org/10.3389/fmed.2025.1544390
https://www.frontiersin.org/journals/medicine
https://www.frontiersin.org
https://doi.org/10.1111/jcmm.12932
https://doi.org/10.1074/jbc.M110.197905
https://doi.org/10.1074/jbc.M110.197905
https://doi.org/10.1002/cncr.28481
https://doi.org/10.1002/jbmr.3966
https://doi.org/10.1186/s13578-022-00813-7
https://doi.org/10.1016/j.intimp.2023.109844
https://doi.org/10.3892/ijmm.2020.4694
https://doi.org/10.1016/j.metabol.2021.154730
https://doi.org/10.1016/j.bbrc.2007.04.042
https://doi.org/10.4049/jimmunol.0903841

Han et al.

Glossary

OP - Osteoporosis

DEGs - Differentially Expressed Genes
APRGs - Autophagy-Related Genes
OGRGsS - Osteogenic-Related Genes
AGRGs - Adipogenic-Related Genes
GSEA - Gene Set Enrichment Analysis

AP&OG&AGRDEGs - Autophagy& Osteogenic&Adipogenic-
Related Differentially Expressed Genes

GO - Gene Ontology

KEGG - Kyoto Encyclopedia of Genes and Genomes
SVM - Support Vector Machine

LASSO - Least Absolute Shrinkage and Selection Operator
TF - Transcription Factor

PCA - Principal Component Analysis

CDs - Combined Datasets

GDSC - Genomics of Drug Sensitivity in Cancer

ICGs - Immune Checkpoint Genes

ssGSEA - Single-Sample Gene-Set Enrichment Analysis
DCA - Decision Curve Analysis

AUC - The Area Under the Curve

CDF - Empirical Cumulative Distribution Function
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BMD - Bone Mineral Density
IDO1 - Indoleamine 2,3-dioxygenase 1

PI3K p110 - Phosphatidylinositol-4,5-bisphosphate 3-kinase catalytic
subunit alpha isoform

SHP-1 - Src homology region 2 domain-containing phosphatase-1
CDA40L - CD40 ligand

LMNA - Lamin A/C

AKT!1 - Protein kinase B alpha

M-CSF - Macrophage colony-stimulating factor

RANKL - Receptor activator of nuclear factor kappa-B ligand
FOXOL1 - Forkhead box O1

OB - Osteoblast

OC: Osteocalcin

Runx2 - Runt-related transcription factor 2

IGF1 - Insulin-like growth factor 1

NFKBI - Nuclear factor kappa B subunit 1

BHLHEA40 - Basic helix-loop-helix family member e40

ALP - Alkaline phosphatase

OCN - Osteocalcin

FOS - FB] murine osteosarcoma viral oncogene homolog

NFATCI - Nuclear factor of activated T-cells, cytoplasmic 1
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